We compare liquidity proxies constructed from low-frequency (daily) stock data to liquidity benchmarks computed from high-frequency (intraday) data for 18,472 firms on 43 exchanges around the world from January 1996 to December 2007. We evaluate eight percent-cost proxies (including a new one) relative to four percent-cost benchmarks: percent effective spread, percent quoted spread, percent realized spread, and percent price impact. We examine eleven cost-per-volume proxies (including a new one) relative to a costper-volume benchmark: the slope of the price function "lambda." We test these proxies on three performance dimensions: average cross-sectional correlation with the benchmarks, portfolio correlations with the benchmarks, and prediction accuracy. We find that a new proxy, FHT, strongly dominates prior percent cost proxies. It is highly correlated with percent effective spread, percent quoted spread, percent realized spread, and percent price impact. It captures the level of percent effective spread and percent quoted spread, but does not capture the level of percent realized spread or percent price impact. We find that the best cost-per-volume proxies are FHT Impact, Zeros Impact, and Amihud. All three are highly correlated with lambda, but do not capture the level of lambda. Finally, we find that lower synchronicity, higher disclosure, lower turnover, and greater likelihood of prosecuting insider trading lead to higher performance of the best liquidity proxies.
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Introduction
A rapidly growing literature uses liquidity proxies constructed from low-frequency (daily) stock data to conduct research in global asset pricing, 1 global corporate finance, 2 and global market microstructure. 3 Perhaps for practical reasons, the most popular liquidity proxies tend to be those that have been validated with U.S. data and are easy to implement. Among many studies are Bekaert, Harvey, and Lundblad (2007) (2007) use zeros to examine the relationship between earnings smoothing, governance, and liquidity cost in 21
countries. Some studies use more than one measure, such as Levine and Schmukler (2006) who use both zeros and the Amihud measure to examine the relationship between home market liquidity and crosslisted trading across 31 home countries.
Despite the widespread use of various percent-cost and cost-per-volume liquidity proxies in global research, relatively little is known about how well these proxies are related to actual transaction costs around the world. This paper contributes to the literature of liquidity studies in three ways. First, we develop a new percent-cost proxy that is easy to implementation yet retains core elements of existing proxies. Second, we compare the new and the popular proxies to transaction cost benchmarks computed using more than a decade of global intraday data. Our sample contains 8.5 billion trades and 12.9 billion quotes representing 18,472 firms on 43 exchanges around the world from January 1996 to December 2007. Specifically, we evaluate eight percent-cost proxies relative to four percent-cost benchmarks:
percent effective spread, percent quoted spread, percent realized spread, and percent price impact. We examine eleven cost-per-volume proxies relative to a cost-per-volume benchmark: the slope of the price 2 function "lambda." In each case, we test three performance dimensions: (1) higher average cross-sectional correlation with the benchmarks, (2) higher portfolio correlation with the benchmarks, and (3) lower prediction error relative to the benchmarks. We identify the best proxies in each case. Third, we analyze institutional and market characteristics that drive the performance of proxies across exchanges and over time.
Percent-cost and cost-per-volume liquidity proxies provide an enormous advantage for global research by spanning a large cross-section of countries over a long time-series. The daily stock data from Three studies test the performance of available percent-cost and cost-per-volume liquidity proxies using U.S. data. Lesmond, Ogden, and Trzcinka (1999) test how three annual percent-cost proxies are related to the annual quoted spread as computed from daily closing quoted spreads in U.S. data.
Hasbrouck (2009) tests how three annual percent-cost proxies and one annual cost-per-volume proxy are related to the benchmarks: percent effective spread and the slope of the price function lambda as computed from high-frequency U.S. trade and quote data. Goyenko, Holden, and Trzcinka (2009) test how nine annual and monthly percent-cost proxies are related to the annual and monthly percent-cost benchmarks: percent effective spread and percent realized spread as computed from high-frequency U.S.
trade and quote data. Goyenko, Holden, and Trzcinka also test how twelve annual and monthly cost-pervolume proxies are related to the annual and monthly benchmarks: the slope of the price function lambda and percent price impact as computed from high-frequency U.S. trade and quote data. The general conclusion from these studies is that transactions costs can be reasonably measured using proxies 3 computed from daily data. However it is not clear whether conclusions from US data can be generalized to the world. Lesmond (2005) tests how three quarterly percent-cost proxies and two quarterly cost-per-volume proxies are related to average daily spreads in 23 emerging markets. In contrast, we test eight percent-cost proxies and eleven cost-per-volume proxies computed on a monthly basis against five benchmarks. We run these tests for 43 exchanges in both developed and emerging countries. Our benchmarks are more precise measures of transactions costs because they are computed from high-frequency data rather than end of day spreads.
Our overall finding suggest that the global literature has generally not been mistaken in using the LOT measures and Zeros as proxies for percent effective spread, percent quoted spread, percent realized spread, or percent price impact around the world and in using the Amihud measure as a proxy for the slope of the price function lambda. However, we find that the new measure that we introduce, FHT, strongly dominates all prior percent cost proxies. It is highly correlated with percent effective spread, percent quoted spread, percent realized spread, and percent price impact. It captures the level of percent effective spread and percent quoted spread, but does not capture the level of percent realized spread or percent price impact. We also find that the best cost-per-volume proxies are FHT Impact, Zeros Impact, and Amihud. All three are highly correlated with lambda, but do not capture the level of lambda.
To provide a sense of the economic significance of the proxy performance differences, the global average cross-sectional correlation of the Zeros measure and percent effective spread is 0.439 and the corresponding statistics for FHT is 0.589. This improvement would greatly reduce the noise in studying, for instance, the liquidity factor in global asset pricing.
Finally, we find lower synchronicity, lower turnover, and greater likelihood of prosecuting insider trading lead to higher performance of the best liquidity proxies.
The paper is organized as follows. Section 2 explains the high-frequency benchmarks. Section 3 introduces a new low-frequency proxy. Section 4 describes the dataset and methodology used. Section 5 presents our empirical results. Section 6 analyzes the determinants of performance of the best liquidity 4 proxies. Section 7 concludes. Appendix A summarizes the formulas for the low-frequency proxies from the existing literature. Appendix B compares global trade and quote data from Thomson Reuters vs.
Bloomberg. Seventeen supplemental tables are available online at www.kelley.iu.edu/cholden/fhtsupplements.pdf.
High-Frequency Benchmarks
The "liquidity" of a market is a multi-dimensional concept, including at least the following two Our first percent-cost benchmark is percent effective spread. For a given stock, the percent effective spread on the th k trade is defined as
where D k is an indicator variable that equals +1 if the Our second percent-cost benchmark is percent quoted spread. For a given time interval s , the percent quoted spread is defined as
where Ask s is the best ask quote Bid s is the best bid quote in that time interval. Over month i, the stock's Percent Quoted Spread i is the time-weighted average of Percent Quoted Spread s computed over all time intervals in the month.
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Our third percent-cost benchmark is realized spread, which is the temporary component of the percent effective spread. For a given stock, the percent realized spread on the th k trade is defined as
where M (k+5) is the midpoint five-minutes after the th k trade. Aggregating over month i, a stock's Percent Realized Spread i is the local-currency-volume-weighted average of Percent Realized Spread k computed over all trades in month i.
Our fourth percent-cost benchmark is percent price impact, which is the percent change in quote midpoint caused by a trade. For a given stock, the percent price impact on the th k trade is defined as
For a given stock aggregated over a month i, the Percent Price Impact i is the local-currency-volumeweighted average of Percent Price Impact k computed over all trades in month i.
Our cost-per-volume benchmark is  , which is the slope of the price function. We follow Goyenko, Holden, and Trzcinka (2009) 
Low-Frequency Proxies
We analyze liquidity proxies computed from low-frequency (daily) data. Specifically, we analyze eight low-frequency percent-cost proxies and eleven low-frequency cost-per-volume proxies. For each proxy,
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we require that the measure rely only on daily return and volume and always produces a numerical result. Seven versions are from the prior literature: Roll Impact, Extended Roll Impact, Effective Tick Impact, LOT Mixed Impact, LOT Y-split Impact, Zeros Impact, and Zeros2 Impact. The eighth version, FHT Impact, is based on dividing our new percent-cost proxy FHT (discussed below) by the average daily currency value of volume in units of local currency. Appendix A summarizes the formulas for the lowfrequency proxies from the existing literature.
We introduce a new percent-cost proxy, FHT, which is a simplification of the LOT model. We start by describing the setup of the LOT model.
The Setup of the LOT Model
Lesmond, Ogden, and Trzcinka (1999) develop a percent-cost proxy based on the idea that transaction costs cause a distortion in observed stock returns. The LOT model assumes that the unobserved "true return"
* jt R of a stock j on day t is given by 
The LOT Mixed liquidity measure is simply the difference between the percent buying cost and the percent selling cost:
where the model's parameters are estimated by maximizing a likelihood function (see Appendix A for details 
Secondly, we focus on the return distribution of an individual stock and provide no role for the market portfolio. Specifically, the unobserved "true return" * R of an individual stock on a single day is assumed to be normally distributed with mean zero and variance 2  . Thus, the theoretical probability of a zero return is the probability of being in the middle region, which is given by
The empirically observed frequency of a zero return is given by the Zeros proxy:
where ZRD = the number of zero returns days, TD = number of trading days, and NTD = number of notrade days in a given stock-month. Equating the theoretical probability of a zero return to the empiricallyobserved frequency of a zero return, we obtain 2 2
By the symmetry of the cumulative normal distribution, equation (12) can be rewritten as
Solving for S, we obtain
9 where
is the inverse function of the cumulative normal distribution. The FHT measure is an analytic measure that can be computed with a single line of SAS code.
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The intuition of the FHT measure follows from the simple idea that a zero return is the result of the true return being in-between the upper bound given by the transaction cost for buying and the lower bound given by the transaction cost for selling. Holding the volatility of the true return distribution constant, a greater proportion of zero returns implies wider bounds and thus a wider spread. Holding the proportion of zeros constant, a higher volatility of the true return distribution implies a more spread out distribution, which in turn implies that the bounds must be further apart in order to achieve the same proportion of zero returns and thus there is a wider spread. In summary, the percent spread is an increasing function of both the proportion of zero returns and the volatility of the return distribution. They required a minimum of 200 days with at least one trade during the sample period in order to eliminate inactively traded firms. Firms with market capitalization less than $100 million and exchanges with less than ten sample firms are also excluded from their sample. From the authors, we obtained the list of company names used in the study and determined whether our data produced the same effective spreads as Bloomberg over this period. We could find only about half of these names in our data which is not surprising given that there are name changes, acquisitions and removal of stocks from Bloomberg over time and our data is the common set across TRTH and Datastream. , but none of the cost-per-volume proxies are on the same scale as lambda. Paulo's lambda is relatively high. Bombay's lambda has declined more than most other exchanges.
Data
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Shanghai lambda are relatively low. Not shown is Shenzhen's lambda, which is close to Shanghai over the whole period.
Results
The Percent-Cost Results
Tables 3 -5 report monthly percent-cost proxies compared with percent-cost benchmarks (percent effective spread, percent quoted spread, percent realized spread, and percent price impact).
Tables 3, 4, and 5 each report on one of three performance dimensions: (1) average cross-sectional correlation, (2) portfolio time-series correlation, and (3) average root mean squared error.
Turning to Table 3 , the performance criterion is the average cross-sectional correlation between each percent-cost proxy and the percent-cost benchmark based on individual firms. This is computed in the spirit of Fama and MacBeth (1973) by: (1) calculating for each month the cross-sectional correlation across all firms on a given exchange, and then (2) calculating the average correlation value over all months available for that exchange.
Panel A reports each percent-cost proxy compared to percent effective spread for each exchange and for the global average. Panel B reports the global average of each percent-cost proxy compared to the other percent-cost benchmarks: (1) percent quoted spread, (2) percent realized spread, and (3) percent price impact. A solid box is placed around the highest correlation in the row (i.e., the highest correlation for a given exchange). A dashed box is placed around correlations that are statistically indistinguishable from the highest correlation in the row at the 5% level. 9 For example in the first row for the Buenos Aires Stock Exchange, the new proxy FHT has the highest average cross-sectional correlation with percent effective spread at 0.602 and there are no dashed boxes -so all of the rest of the correlations in the first 9 In Tables 3 and 6 , we test whether the cross-sectional correlations are different between proxies on the same row by t-tests on the time-series of correlations in the spirit of Fama-MacBeth. Specifically, we calculate the crosssectional correlation of each proxy for each month and then regress the correlations of one proxy on the correlations of another proxy. We assume that the time series of correlations of each proxy is i. FHT strongly dominates the effective spread comparisons. FHT has the highest correlation (solid box) on 40 out of 43 exchanges. The FHT correlation is statistically higher than the correlation of any other proxy on 35 exchanges. FHT has a global average correlation of 0.589, which far higher than the second place value of 0.486 and which is statistically higher than the correlation for any other proxy. LOT Mixed, LOT Y-split, and Zeros all have a global average correlation in the 0.40's, so it was very reasonable for the prior literature to have used these proxies. However, the FHT proxy presents an opportunity to raise the bar higher. Figure 3A plots the cross-sectional correlations of six percent-cost proxies with percent effective spread over time. These are global averages of the cross-sectional correlations across all exchanges for which we have the full sample (all 144 months) of data. The cross-sectional correlation for FHT stays roughly in the 0.50 -0.65 range over the entire sample period and is always strictly greater than the crosssectional correlation for any other percent cost proxy. 11 In other words, the FHT cross-sectional correlation is not only the highest on average, but is also the highest at every point in time.
Two exchanges, Shanghai and Shenzhen, are notably different. The correlations for all of the proxies for these two exchanges are less than 0.15. For Shanghai the highest correlation is 0.097 (FHT) and for Shenzhen the highest correlation is 0.145 (LOT Mixed). 12 This low correlation is persistent over time and is not driven by outliers or other statistical problems. While the ultimate reason is not clear, it 10 We test all correlations in Tables 3, 4 , 6, and 7 to see if they are statistically different from zero and highlight the correlations that are significant in boldface. For an estimated correlation ,  Swinscow (1997, Ch. 11) gives the appropriate test statistic as
where D is the sample size. 11 Two percent-cost proxies are not included in the graph to avoid over-crowding. The LOT Mixed cross-sectional correlations are very similar to LOT Y-split. The Roll cross-sectional correlations are between Extended Roll and Zeros2. 12 In China, each company has two types of shares: "A shares" which can only be owned by Chinese investors and "B shares" which can be owned by non-Chinese investors. In all figures and tables we show the results for A shares only. However, the results for B shares only and for A shares and B shares combined are qualitatively the same.
15 may relate to the stock market being heavily driven by individuals as opposed to institutional traders.
Barber, Lee, Liu, and Odean (2009) provide evidence that individuals do 90% of the trading in Taiwan and suffer losses of 2.8% of personal income due primarily to aggressive orders. Consistent with idea of active, aggressive trading by individuals, they note that during their sample period there is remarkable high annual turnover of 294% in Taiwan and 511% in China -contrasted with 97% on the NYSE. If individuals are relatively uninformed, then this would imply a low degree of adverse selection, which is a potential explanation of the low percent effective spreads in Taiwan, Shanghai, and Shenzhen. We formally investigate systematic differences in proxy performance in section 6.
In panel B, FHT strongly dominates the other percent cost comparisons. FHT has the highest global average correlation with percent quoted spread (0.654), percent realized spread (0.416), and percent price impact (0.370). In all three cases, FHT is statistically higher than that of any other proxy.
We post 17 online tables at www.kelley.iu.edu/cholden/fhtsupplements.pdf. In Online Tables 1-3, FHT has the highest correlation with respect to percent quoted spread on 35 exchanges, the highest correlation with respect to percent realized spread on 33 exchanges, and the highest correlation with respect to percent price impact on 35 exchanges.
Next, we form equally-weighted portfolios across all stocks on a given exchange for month i.
Then, we compute a portfolio percent-cost proxy in month i by taking the average of that percent-cost proxy over all stocks on a given exchange in month i. Table 4 reports the time-series correlation between each portfolio percent-cost proxy and the portfolio percent-cost benchmarks. Again, a solid box identifies the highest correlation in the row and a dashed box indicates correlations that are statistically indistinguishable from the highest correlation in the row at the 5% level. 13 Boldfaced correlations are statistically different from zero at the 5% level. Panel A reports each percent-cost proxy compared to percent effective spread for each exchange and the global average and panel B reports the global average of each percent-cost proxy compared to the three other percent-cost benchmarks. 13 In Tables 4, 8 , and 11, we test whether time-series correlations are statistically different from each other using Fisher's Z-test.
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FHT dominates the percent effective spread comparisons, but not quite as strongly as before. FHT has the highest portfolio time-series correlation on 28 out of 43 exchanges. FHT has the highest correlation or is insignificantly different from the highest on 37 exchanges. FHT has a global average correlation of 0.708, which far higher than the second place value of 0.580 and is statistically higher than the correlation for any other proxy. Remarkably, four exchanges have correlations of 95% or above and twenty two exchanges have correlations of 80% or above. Analogous to what Goyenko, Holden, and
Trzcinka (2009) respectively. Also with respect to the same three benchmarks, FHT has the highest correlation or is insignificantly different from the highest on 37 exchanges, 38 exchanges, and 37 exchanges, respectively. Table 5 reports the average root mean squared error (RMSE) between each percent-cost proxy and percent-cost benchmarks based on individual firms. The root mean squared error is calculated every month for a given exchange and then averaged over all sample months. A solid box identifies the lowest RMSE in the row and a dashed box indicates RMSEs that are statistically indistinguishable from the lowest RMSE in the row. 14 Boldfaced RMSE indicates that the predictive power of the variation in the proxy is statistically different from zero at the 5% level. 15 Panel A reports each percent-cost proxy 14 In Tables 5-6 , 9, 12, and 13, we test whether RMSEs are statistically different from each other using a paired ttest. 15 In Tables 5-6 , 9, 12, and 13, we test whether RMSEs are statistically significant using the U-statistic developed by Theil (1966) . Here, if U 2 = 1, then the proxy has zero predictive power (i.e., it is no better at predicting the benchmark than the sample mean). If U 2 = 0, then the proxy perfectly predicts the benchmark. We test if U 2 is significantly less than 1 based on an F distribution where the number of degrees of freedom for both the numerator and the denominator is the sample size. compared to percent effective spread for each exchange and the global average and panel B reports the global average of each percent-cost proxy compared to the three other percent-cost benchmarks.
In panel A, strikingly few of the RMSEs are statistically significant (boldfaced). FHT is the main exception and dominates the percent effective spread comparison. FHT is statistically significant on 27 out of 43 exchanges. FHT has the lowest RMSE on 39 exchanges. FHT has a global average RMSE of 0.0259, which far lower than the second place value of 0.0362 and is statistically lower than the RMSE of any other proxy.
In panel B, FHT dominates the percent quoted spread comparison. FHT has the lowest global average RMSE with percent quoted spread (0.0278), which far lower than the second place value of 0.0419 and is statistically lower than the RMSE of any other proxy. In Online Table 7 , FHT is statistically significant with respect to percent quoted spread on 32 exchanges and has the lowest RMSE on 40 exchanges.
The percent realized spread and percent price impact comparison yield a different result. Two proxies, FHT and Extended Roll, do better than the rest. For the global average, FHT has the lowest RMSE with respect to percent realized spread (0.0294) and percent price impact (0.0278), but neither one is statistically significant. Further, Extended Roll is statistically indistinguishable from FHT with respect to percent price impact (0.0331), but is also not statistically significant. In Online Table 8 , FHT has the lowest RMSE with respect to percent realized spread on 17 exchanges and is statistically significant on 9 exchanges. Further, Extended Roll has the lowest RMSE with respect to percent realized spread on 22 exchanges, but is statistically significant on none. In Online Table 9 , FHT has the lowest RMSE with respect to percent price impact on 12 exchanges, but is statistically significant on only one exchange.
Extended Roll has the lowest RMSE with respect to percent realized spread on 28 exchanges, but is statistically significant on none. Based on the general absence of statistical significance, we conclude that none of the proxies seems to capture the level of percent realized spread or percent price impact.
To summarize Tables 3 -5, the new measure FHT strongly dominates prior percent-cost proxies.
It is highly correlated with percent effective spread, percent quoted spread, percent realized spread, and 18 percent price impact. It captures the level of percent effective spread and percent quoted spread, but does not capture the level of percent realized spread or percent price impact. Figure 3B graphs FHT versus the four percent cost benchmarks over time (January 1996 to December 2007 . These are global averages of FHT and the four benchmarks across all exchanges for which we have the full 144 months of data. It is visually clear that FHT is strongly correlated with the percent effective spread and percent quoted spread. FHT is less correlated with percent realized spread and percent price impact. In terms of levels, FHT is very close to percent effective spread and less close to the other three benchmarks.
The Cost-Per-Volume Results
Tables 6 -8 report monthly cost-per-volume proxies compared with the benchmark lambda (the slope of the price function). Each table reports on one of three performance dimensions. Table 6 reports the average cross-sectional correlation between each cost-per-volume proxy and lambda for each exchange and for the global average. As before, the correlations are based on individual firms and computed in the spirit of Fama and MacBeth (1973) . Four proxies do better than the rest. FHT Impact, LOT Mixed Impact, Amihud, and Zeros Impact have the highest average cross-sectional correlation on 16 exchanges, 10 exchanges, 9 exchanges, and 7 exchanges, respectively. The same four has the highest correlation or is insignificantly different from the highest on 24 exchanges, 21 exchanges, 9 exchanges, and 14 exchanges, respectively. For the global average, FHT Impact has the highest correlation (0.476), which is statistically higher than any other proxy. LOT Mixed Impact, Amihud, and Zeros Impact are not far behind at 0.467, 0.451, and 0.448, respectively. period, but decline into the 0.30's towards the end. In other words, the cross-sectional correlations of these four proxies are not only very similar on average, but are very similar at every point in time.
As before, we form equally-weighted portfolios across all stocks on a given exchange for month i. Then, a portfolio cost-per-volume proxy in month i is computed by taking the average of that cost-pervolume proxy over all stocks on a given exchange in month i. Table 7 reports the time-series correlation between each portfolio cost-per-volume proxy and the portfolio lambda benchmark for each exchange and for the global average. A different set of four proxies do better than the rest. Amihud, FHT Impact, Roll Impact, and Zeros Impact have the highest portfolio time-series correlation on 9 exchanges, 6 exchanges, 5 exchanges, and 4 exchanges, respectively. The same four has the highest correlation or is insignificantly different from the highest on 34 exchanges, 33 exchanges, 30 exchanges, and 34 exchanges, respectively. For the global average, Zeros Impact has the highest correlation (0.483).
Amihud, FHT Impact, Roll Impact are insignificantly different at 0.480, 0.479, and 0.471, respectively.
To summarize Tables 6 and 7 , FHT Impact, Zeros Impact, and Amihud perform well on both average cross-sectional correlations and portfolio time-series correlations. LOT Mixed Impact does not do as well on portfolio time-series correlations and Roll Impact does not do as well on average crosssectional correlations. Therefore, we conclude that FHT Impact, Zeros Impact, and Amihud are the most correlated proxies with respect to lambda. Table 8 reports the average RMSE between each cost-per-volume proxy and the Lambda benchmark based on individual firms. As before, the RMSE is calculated every month for a given exchange and then averaged over all sample months. All of the RMSEs are statistically insignificant. This is consistent with the descriptive statistics result that none of the cost-per-volume proxies was close to the level of lambda. Also consistent with the descriptive statistics, Extend Roll Impact does better than any other proxy. Based on the complete absence of statistical significance, we conclude that none of the proxies captures the level of lambda.
To summarize Tables 6 -8, we find that the best cost-per-volume proxies are FHT Impact, Zeros Impact, and Amihud. All three are highly correlated with lambda, but do not capture the level of lambda.
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Figure 4B graphs FHT Impact, Zeros Impact, and Amihud versus lambda over time (January 1996 to December 2007 . These are global averages of the three cost-per-volume proxies and lambda across all exchanges for which we have the full 144 months of data. It is visually clear that all three proxies are correlated with lambda. However, the y-axis is on a log-scale and so it is immediately clear that none of the proxies is on the same scale as lambda.
Determinants of Performance of the Best Liquidity Proxies
The performance of the best liquidity proxies varies across exchanges and over time (see Tables   3 , 4, 7, 8 and Figures 3A and 4A) . A natural question is whether there are economic, institutional and market factors that explain these variations? While the theories that motivate the measures do not suggest any obvious variables, recent papers give some guidance.
Barber, Lee, Liu, and Odean (2009) hypothesize that a combination of overconfidence and the desire to gamble results in excess trading by individual investors. They show that Taiwan investors who engage in excess trading lose money relative to a buy and hold portfolio. The relatively poor performance of liquidity proxies in Taiwan, Shanghai, and Shenzhen exchanges may be related to excess trading in these markets. We proxy for excess trading by using turnover and make the following hypothesis.
H1: Turnover is inversely related to liquidity proxy performance.
The information environment of a market is another factor that could potentially influence liquidity proxy performance. Morck, Yeung and Yu (2000) argue that countries with poor and uncertain protection of private property rights have higher "synchronicity," defined as the R 2 of individual stock returns when regressed on the corresponding country market portfolio. In other words, such countries have less local information and individual stock returns are more driven by the market. A market in which trading is driven by market-wide information rather than stock specific information would weaken the empirical relationship between stock specific information (such as volatility) and transaction costs. This may also be related to the level of disclosure in the market (see Gelos and Wei (2005) ).
H2: Synchronicity is inversely related and disclosure is positively related to liquidity proxy performance.
21 Bhattacharya and Daouk (2002) find that the prosecution of insider trading cases lowers the cost of capital. We hypothesize that the prosecution of insider trading cases will increase market quality, which will increase the performance of liquidity proxies.
H3: Prosecution of insider trading cases is directly related to liquidity proxy performance.
Based on our hypotheses, we use the following explanatory variables: Market Volatility in place of the two ExtremeReturn variables. In the second column, we see that lower
Synchronicity and higher Disclosure lead to a higher correlation of FHT with Effective Spread, providing support for H2. In columns four, six and eight, a lower coefficient of variation, lower turnover, and lower market volatility lead to a higher correlation of lambda with the best three cost-per-volume proxies, providing support for H1.
Next we focus on the cross-exchange determinants of our performance metrics. Specifically, we run cross-sectional regressions where the dependent variables are the average cross-sectional correlation between proxies and benchmarks by exchange and the portfolio time-series correlation by exchange 16 .
The independent variables are the same institutional and market variables considered above. Here is the to columns three, four and five, a lower coefficient of variation of lambda leads to a higher average crosssectional correlation of lambda with the best three cost-per-volume proxies. In columns six, seven and eight, higher synchronicity and greater likelihood of prosecuting insider traders leads to higher portfolio time-series correlations of lambda with the best three cost-per-volume proxies, providing support for H2 and H3.
In summary, we find support for all three hypotheses. That is, lower synchronicity, higher disclosure, lower turnover, and greater likelihood of prosecuting insider trading lead to higher performance of the best liquidity proxies.
Conclusion
We compare percent-cost and cost-per-volume liquidity proxies constructed from low-frequency (daily) stock data to liquidity benchmarks computed from high-frequency (intraday) data. Our sample contains 8.5 billion trades and 12.9 billion quotes representing 18,472 firms on 43 exchanges around the 16 In other words, the values in Tables 3, 4 , 6 and 7.
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world from January 1996 to December 2007. We evaluate eight percent-cost proxies (including a new one) relative to four percent-cost benchmarks: percent effective spread, percent quoted spread, percent realized spread, and percent price impact. We examine eleven cost-per-volume proxies (including a new one) relative to a cost-per-volume benchmark: the slope of the price function "lambda." We test three dimensions: average cross-sectional correlation with the benchmarks, portfolio correlation with the benchmarks, and prediction accuracy.
We find that a new measure, FHT, strongly dominates prior percent cost proxies. It is highly correlated with percent effective spread, percent quoted spread, percent realized spread, and percent price impact. It captures the level of percent effective spread and percent quoted spread, but does not capture the level of percent realized spread or percent price impact. We find that the best cost-per-volume proxies are FHT Impact, Zeros Impact, and Amihud. All three are highly correlated with lambda, but do not capture the level of lambda. In portfolios, the time-series correlation between the liquidity proxies and liquidity benchmarks is often so high that researchers can just use daily data even if high-frequency data is available. We find evidence that is consistent with the information environment that lower synchronicity, higher disclosure, lower turnover, and greater likelihood of prosecuting insider trading lead to higher performance of the best liquidity proxies.
Our conclusion is that intraday liquidity benchmarks can be effectively captured by proxies based on daily data. While the widely used Amihud measure captures the cost-per-volume benchmark (lambda)
well, researchers can easily improve on using zeros as a measure of percent cost benchmarks by using the new FHT proxy. 
The $1/8th price grid formula is:
F is the probability of trades on prices corresponding to the jth spread, j U be the unconstrained probability of the jth spread, ˆj  be the constrained probability of the jth spread, and j s is the jth spread. The decimal price grid formula is in Appendix A of Holden (2009) 
market return), is the return volatility, and is the stock's market sensitivity, . . 0, 0, 0, 0. is capped at a max value of 1.5. 
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All dollar spread proxies are converted to percent spread proxies by dividing by the average price P in a given stock-month. Figure 1 Equally-weighted, Monthly Percent Effective Spread by Exchange over Time (Jan. 1996 -Dec. 2007 
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Jan-97 Jan-98 Jan-99 Jan-00 Jan-01 Jan-02 Jan-03 Jan-04 4B FHT Impact, Zeros Impact, and Amihud vs. Lambda Over Time (1/1996 -12/2007 The cost-per-volume benchmark (slope of the price function lambda) is calculated from every trade and corresponding BBO quote in the SIRCA Thomson Reuters Tick History database for a sample stock-month. All cost-per-volume proxies are calculated from daily stock price and volume data for a sample stock-month. The sample spans 43 exchanges around the world from 1996-2007. It consists of all stock-months with at least five positivevolume days and five non-zero return days. This results in 1,412,042 stock-months from 18,472 firms. The means of all price impact benchmarks and proxies are multiplied by 1,000,000, except for the mean of Amivest which is divided by 1,000,000. The percent-cost benchmarks (percent effective spread, percent quoted spread, and percent realized spread) are calculated from every trade and corresponding BBO quote in the SIRCA Thomson Reuters Tick History database for a sample stock-month. All percent-cost proxies are calculated from daily stock price data for a sample stock-month. The sample spans 43 exchanges around the world from 1996-2007. It consists of all stock-months with at least five positivevolume days and five non-zero return days. This results in 1,412,042 stock-months from 18,472 firms. A solid box means the highest correlation in the row. Dashed boxes mean correlations that are statistically indistinguishable from the highest correlation in the row at the 5% level. Bold-faced numbers are statistically different from zero at the 5% level. The cost-per-volume benchmark (slope of the price function lambda) is calculated from every trade and corresponding BBO quote in the SIRCA Thomson Reuters Tick History database for a sample stock-month. All cost-per-volume proxies are calculated from daily stock price and volume data for a sample stock-month. The sample spans 43 exchanges around the world from 1996-2007. It consists of all stock-months with at least five positive-volume days and five non-zero return days. This results in 1,412,042 stockmonths from 18,472 firms. A solid box means the highest correlation in the row. Dashed boxes mean correlations that are statistically indistinguishable from the highest correlation in the row at the 5% level. Bold-faced numbers are statistically different from zero at the 5% level. Panel regressions are reported where the correlation between one of the best proxies and a benchmark for each exchange-month is regressed on institutional variables, market variables, and exchange dummies. Standard errors are computed using the Newey-West procedure which is robust to serial correlated errors and heteroscedasticity. ***, ** and * denote rejecting the null of zero at 1%, 5% and 10% probability, respectively. The exchange specific model is of the same specification but only for one exchange per estimation. We report only the average r-sq so the explanatory power of the exchange dummy can be removed.
Cost Per Volume Proxies
Corr(FHT, Effective Spread) Corr(FHT Impact, Lambda)
Corr(Zeros Impact, Lambda)
Corr(Amihud, Lambda) 
Determinants of Best Proxy Performance
The performance (Average Cross-sectional Correlation or Portfolio Time-Series Correlation) of one of the best proxies is regressed on institutional variables and market variables. Standard errors are computed using White (1980) heteroscedasticity consistent covariance matrix. ***, ** and * denote rejecting the null of zero at 1%, 5% and 10% probability, respectively. 
Appendix
